Millimeter-wave (mmWave) massive multiple-input multiple-output (MIMO) with hybrid precoding is a promising technique for the future 5G wireless communications. Due to a large number of antennas but a much smaller number of radio frequency chains, estimating the high-dimensional mmWave massive MIMO channel will bring the large pilot overhead. To overcome this challenge, this paper proposes a super-resolution channel estimation scheme based on 2-D unitary ESPRIT algorithm. By exploiting the angular sparsity of mmWave channels, the continuously distributed angle of arrivals/departures (AoAs/AoDs) can be jointly estimated with high accuracy. Specifically, by designing the uplink training signals at both base station and mobile station, we first use low pilot overhead to estimate a low-dimensional effective channel, which has the same shift-invariance of array response as the high-dimensional mmWave MIMO channel to be estimated. From the low-dimensional effective channel, the super-resolution estimates of AoAs and AoDs can be jointly obtained by exploiting the 2-D unitary ESPRIT channel estimation algorithm. Furthermore, the associated path gains can be acquired based on the least squares criterion. Finally, we can reconstruct the high-dimensional mmWave MIMO channel according to the obtained AoAs, AoDs, and path gains. Simulation results have confirmed that the proposed scheme is superior to conventional schemes with a much lower pilot overhead.
I. INTRODUCTION
Millimeter-wave (mmWave) massive multiple-input multipleoutput (MIMO) has been widely regarded as one of the most important technologies for the next generation wireless communications due to its large under-utilized bandwidth at mmWave frequency band [1] . For mmWave MIMO systems, a large number of antennas with the small form factor can be deployed at the base station (BS) and mobile station (MS) for achieving the large array gain to combat the severe path loss of mmWave channels. However, for the large antenna array in mmWave MIMO, the conventional full digital precoding can be unaffordable, since each antenna requires the associated expensive radio frequency (RF) chain and high powerconsumed analog-to-digital converters (ADCs) [1] , [2] . To reduce the hardware cost and power consumption as well as achieve the spatial multiplexing, the hybrid precoding with a much smaller number of RF chains than that of antennas has been proposed. The hybrid precoding consists of the digital precoding at baseband and analog precoding at RF front end, which can be exploited to realize both beamforming and spatial multiplexing [3] , [4] .
For mmWave MIMO, the accurate channel state information (CSI) acquisition is essential to realize the sophisticated signal processing. However, the high-dimensional channel coefficients to be estimated but the low-dimensional effective observations can be used will impose the prohibitively high pilot overhead on channel estimation. To this end, there have been several channel estimation schemes proposed for mmWave massive MIMO [5] - [13] . Specifically, based on the least squares (LS) estimation and sparse message passing, the authors in [5] have proposed a least square estimation and sparse message passing-based channel estimation algorithm, which can iteratively detect the location and the value of non-zero entries of sparse channel vector. In [6] , based on the design of overlapped beam pattern, a fast channel estimation algorithm was first proposed to increase the amount of information and reduce the required channel estimation time, and then a rate-adaptive channel estimation algorithm was further proposed for the high probability of estimation error. Unfortunately, the schemes proposed in both [5] and [6] are limited to the the conventional full digital precoding. In [7] , a support detection based channel estimation scheme was developed to detect the non-zero entries of sparse mmWave channels by utilizing the low rank and spatial correlation characteristics of mmWave beamspace channel. In [8] , a two-way training scheme was proposed to achieve energy-based antenna selections at both BS and MS. However, both [7] and [8] only consider the lens antenna arrays based mmWave MIMO systems, and they may not be directly used for the hybrid precoding systems.
For mmWave MIMO with hybrid precoding, the authors in [9] have designed the auxiliary beam pairs to estimate the angle of arrivals/departures (AoAs/AoDs) of the channels, which can be used for the directional initial access process and facilitate data channel spatial multiplexing in the hybrid precoding. In [10] , the main singular values and singular subspaces of the high-dimensional mmWave MIMO channels can be directly acquired by exploiting the Arnoldi iteration of Krylov subspace method, while multiple echoing operations required between the BS and MS can introduce much noise and degrade the estimation performance. By exploiting the angular sparsity of mmWave channels, the compressed sensing (CS)-based schemes have been proposed to reduce pilot overhead [11] - [13] . Specifically, the authors in [12] proposed an adaptive CS (ACS)-based channel estimation scheme, where a hierarchical multi-resolution beamforming codebook is designed. In [13] , an orthogonal matching pursuit (OMP)-based scheme was proposed, where a nonuniformly quantized grid in the angle domain is adopted to reduce the correlation of redundant dictionary matrix and improve the performance of channel estimation. On the other hand, most of existing CS-based channel estimation schemes assume the discrete AoAs/AoDs, which will bring a certain performance loss when estimating the practical continuously distributed AoAs/AoDs.
To estimate the practical AoAs/AoDs with the continuous other than discrete values, the classical spatial spectrum estimation algorithms, such as estimating signal parameters via rotational invariance techniques (ESPRIT) algorithms [14] , [15] , can be used. These algorithms can facilitate the acquisition of the super-resolution estimates of the AoAs and AoDs with high accuracy. The conventional ESPRIT algorithms require the observation samples to preserve the shift-invariance of array response, and they are widely used in the full digital array as shown in Fig. 1(a) , where each baseband observation is directly sampled from the signal received by one antenna after the associated processing. However, for mmWave MIMO with hybrid precoding, each baseband observation mixes the signals from different antennas via the RF phase shift network. This indicates that directly using the conventional ESPRIT algorithms can be challenging, since the shift-invariance of array response is destroyed by the RF phase shift network.
With this in mind, this paper first designs the training signals at both BS and MS for channel estimation, so that we can obtain a low-dimensional effective channel having the shift-invariance of array response with low pilot overhead. Then, we obtain the super-resolution estimates of the AoAs and AoDs jointly by exploiting the shift invariance of array response preserved in this low-dimensional effective channel matrix with the aid of 2D unitary ESPRIT based channel estimation algorithm. Moreover, the path gains are estimated by applying the LS estimator. Finally, the high-dimensional mmWave MIMO channel is reconstructed according to the acquired AoAs, AoDs, and the corresponding path gains. Simulation results have shown that the proposed 2D unitary ESPRIT based super-resolution channel estimation scheme achieves better performance than conventional schemes with a reduced pilot overhead. To the best of our knowledge, this is the first work to directly achieve the super-resolution estimates of AoAs and AoDs pairs by exploiting the classical spectral estimation algorithms, including ESPRIT-type and multiple signal classification (MUSIC)-type algorithms, for mmWave massive MIMO systems with hybrid precoding.
Notation: The italic boldface lower and upper-case symbols denote column vectors and matrices, respectively. Superscripts (·) * , (·) T , (·) H , (·) −1 , (·) † denote the conjugate, transpose, conjugate transpose, inversion, and Moore-Penrose inversion operators, respectively. a 2 and A F are the l 2 norm of a and the Frobenius norm of A, respectively.
⊗ and denote the Kronecker product and Khatri-Rao product (also named the column wise Kronecker product), respectively. diag(a) is a diagonal matrix with elements of a on its diagonal and diag(A) denotes a block diagonal matrix with subblocks of A on its block diagonal if A is made up of multiple subblocks. vec(A) denotes the vectorization operation of A. I n (O m×n ) denotes an identity (null) matrix with size n × n (m × n), and U n denotes a unitary matrix with size n × n. Re{·} and Im{·} denote the real part and imaginary part of the corresponding arguments, respectively. J n is an exchange matrix with size n×n that reverses the order of rows of I n . The expectation and determinant operators are denoted by E(·) and det(·), respectively.
II. SYSTEM MODEL
We consider a typical mmWave massive MIMO uplink system with the hybrid precoding, as shown in Fig. 1(b) , where both MS and BS are equipped with N MS and N BS antennas but only N MS RF and N BS RF RF chains, respectively [1] , [3] , [4] , [9] - [13] . N S independent data streams are employed by MS and BS, such that N S ≤ N MS RF ≤ N MS and N S ≤ N BS RF ≤ N BS . In the uplink transmission, the received signal y ∈ C N S ×1 at the BS can be expressed as
where W = W RF W BB ∈ C N BS ×N S is the hybrid combiner. W RF ∈ C N BS ×N BS RF and W BB ∈ C N BS RF ×N S denote the analog and digital combiners, respectively. H ∈ C N BS ×N MS is the uplink channel matrix. F = F RF F BB ∈ C N MS ×N S is the hybrid precoder where F RF ∈ C N MS ×N MS RF and F BB ∈ C N MS RF ×N S denote the analog and digital precoders, respectively. Note that every entry of F RF and W RF should satisfy the constraint of constant modulus, i.e. [F RF ] m,n = 1/ √ N MS and [W RF ] m,n = 1/ √ N BS for the (m, n)th elements of F RF and W RF , respectively, since both F RF and W RF are realized by the analog RF phase shifters. To guarantee the total transmit power constraint, the digital precoder F BB is further normalized as F RF F BB 2 F = N MS RF . s ∈ C N S ×1 denotes the transmitted baseband signal from the MS, and n ∈ C N BS ×1 is the complex additive white Gaussian noise (AWGN) following the distribution CN (0, σ 2 n I) at the BS.
Due to the severe path loss for non-line-of-sight (NLOS) paths and thus the limited significant scatterers, the geometric mmWave channel with sparse multipath components is adopted [1] , [4] - [6] , [8] - [13] . We consider only L dominated paths corresponding to L different scatterers contribute to the channel matrix H, which can be written as
where α l ∼ CN (0, σ 2 α ) is the complex gain of the lth path, θ l and ϕ l are the azimuth angles of AoA and AoD pair of the lth path, respectively. Here, a typical uniform linear array (ULA) is considered at both BS and MS [1] , [5] , [8] - [13] , so the steering vectors a BS (θ l ) and a MS (ϕ l ) associated with the lth path can be respectively written as
where ∆ = d/λ denotes the normalized spacing of adjacent antennas, λ is the wavelength, and d is the spacing of adjacent antennas. Furthermore, the mmWave channel matrix H can be rewritten in a more compact form as
where
III. PROPOSED 2D UNITARY ESPRIT BASED SUPER-RESOLUTION CHANNEL ESTIMATION SCHEME
In this section, we propose a 2D unitary ESPRIT based super-resolution channel estimation scheme for mmWave massive MIMO with hybrid precoding. Specifically, the uplink training signals will be designed at first to estimate a low-dimensional effective channel having the same shift-invariance of array response as the high-dimensional mmWave MIMO channel matrix with low pilot overhead. Then the super-resolution estimates of AoAs and AoDs are jointly obtained by exploiting the 2D unitary ESPRIT based channel estimation algorithm. Moreover, the path gains are estimated by applying the LS estimator. The highdimensional mmWave MIMO channel therewith will be reconstructed according to the acquired AoAs, AoDs, and path gains. Finally, the computational complexity of the proposed channel estimation scheme is compared with its conventional counterparts.
A. DESIGN OF TRAINING SIGNALS FOR UPLINK CHANNEL ESTIMATION
To estimate the high-dimensional mmWave MIMO channel, we will first estimate the AoAs and AoDs with high accuracy. Specifically, we will design the uplink training signals consisting of the analog RF part and digital baseband part at both BS and MS. So that a low-dimensional effective channel having the same shift-invariance of array response as the highdimensional mmWave channel can be acquired. We begin by considering the uplink channel estimation in multiple time slots, where the received signal Y = y 1 , · · · , y T MS ∈ C N S ×T MS in T MS time slots or one time block can be expressed as
where S = s 1 , · · · , s T MS ∈ C N S ×T MS denotes the transmitted pilot signal block, N = n 1 , · · · , n T MS ∈ C N BS ×T MS is the AWGN in T MS time slots, and we consider the channel matrix remains unchanged in the stage of channel estimation. Furthermore, to improve the channel estimation performance, we further consider to exploit
are the aggregated hybrid combiner and precoder, respectively, and they will be designed later.
T MS is the aggregated AWGN matrix. Thus, the total number of pilot overhead required for channel esti-
As we have discussed in Section I, for mmWave MIMO with hybrid precoding, each baseband observation contains the signals from different antennas due to the RF phase shift network. Hence, directly using the conventional ESPRIT algorithms can be difficult, since the shift-invariance of array response in these baseband observations is destroyed. To solve this problem, we will design the aggregated precoder F and combiner W , so that the shift-invariance of array response in the baseband observations can be preserved. Particularly, we consider the aggregated precoder F and combiner W with the following forms, i.e.
where α f and α w are the scale factors for F and W , respectively, to guarantee the constraints of constant modulus and power. As a result, W H H F can be considered as the low-
where H m,n represents the (m, n)th element of H. From (9), we can observe that elements of the low-dimensional effective channel matrixH come from the elements of the high-dimensional channel matrix H in first N R b N S rows and first N T b N S columns. Hence,H and H share the same shift-invariance of array response. In this way, we can use ESPRIT algorithms to acquire the super-resolution estimates of AoAs and AoDs from the low-dimensional effective channel matrixH instead of the original high-dimensional mmWave MIMO channel matrix H for the reduced pilot overhead.
Clearly, to facilitate the usage of ESPRIT algorithms, according to (7), the analog and digital precoders F RF,j
as well as the analog and digital combin-
should be well designed to guarantee (8) . For clarity in what follows, we neglect the constraints of constant modulus of analog phase shifters network and total transmit power (namely, α f and α w ) for the precoder and combiner here. To be specific, a unitary matrix
RF is considered as the set of the uplink training signals, such as a discrete Fourier transform (DFT) matrix, which has the orthogonality among different columns, i.e. u H m u m = N MS RF for m = 1, · · · , N MS RF , while u H m u n = 0 for m = n. Furthermore, we consider the digital precoder F BB,j , for j = 1, · · · , N T b , comes from the first N S columns of U N MS RF , i.e.
where N S = N MS RF − 1 is considered. While for the analog precoder F RF,j ∈ C N MS ×N MS RF , we consider it has the following expression
where F 1
, respectively. Based on the designed digital and analog precoders F BB,j and F RF,j in (10) and (11), we can have F j = F RF,j F BB,j . Similarly, the digital combiner W BB,i , for i = 1, · · · , N R b , comes from the first N S columns of U N BS RF , i.e. W BB,i = u 1 , · · · , u N S . The analog
, respectively. Then, we can have W i = W RF,i W BB,i . According to (7) ,
constitute the aggregated precoder F and the aggregated combiner W , respectively. Finally, we have
As a consequence, (6) can be further written as
To accurately acquire the low-dimensional effective channel matrixH having the same shift-invariance of array response as the high-dimensional channel matrix H from the aggregated received signal Y , we can use the LS estimator to obtain its estimate as
. For convenience, here we consider the transmit pilot signal block S as a unitary matrix, which has the perfect autocorrelation property (i.e. SS H = N S I N S with T MS = N S ). In this way, the low-dimensional effective channel matrix can be written asH = YS H /N S .
Based on above design, we can acquireH preserving the shift-invariance of array response. This motivates us to exploit the ESPRIT algorithm to estimate the AoAs/AoDs jointly, which will be illustrated in the following subsection.
B. 2D UNITARY ESPRIT BASED CHANNEL ESTIMATION ALGORITHM
To jointly obtain the super-resolution estimates of AoAs and AoDs, we propose a 2D unitary ESPRIT based channel estimation algorithm at the receiver, which includes the following several main steps and is summarized in Algorithm 1. Note that for the low-dimensional effective channel matrixH in (9), we consider it has the size of N R ×N T for convenience.
1) CONSTRUCT HANKEL MATRIX AND EXTEND DATA
To alleviate the influence of coherent signals caused by multiple AoAs or AoDs close to each other, we consider the spatial smoothing and the forward backward averaging techniques in [16] . By leveraging these two techniques, we can take full advantage of obtained data, and acquire a robust AoAs and AoDs estimation to mitigate the performance loss due to rank-deficiency of the data matrix when multiple Algorithm 1 2D Unitary ESPRIT Based Channel Estimation Algorithm Require:
The low-dimensional effective channel matrixH, the stacking parameters m 1 and m 2 , and the number of paths L; Ensure:
The AoAs or AoDs are close to each other. Specifically, we introduce integers m 1 and m 2 as the stacking parameters, where 2 ≤ m 1 ≤ N T and 1 ≤ m 2 ≤ N R − 1. Meanwhile, for 1 ≤ i ≤ m 2 and 1 ≤ j ≤ m 1 , we define the left/rightshifted matrix asH
, which is a submatrix ofH, and it can be written as
whereH i,j represents the (i, j)th element ofH in (9) . Furthermore, we can construct a Hankel matrix H ∈
According to [16] , the extend data matrix H e ∈ C m 1 (N R −m 2 +1)×2m 2 (N T −m 1 +1) can be written as
2) REAL PROCESSING
To reduce the computational complexity in the following steps, H e is further transformed into the real matrix by left-multiplying and right-multiplying a transform matrix T L and T R to H e , respectively, so that the corresponding eigenvalues are real [15] , [17] . Particularly, this manipulation can be expressed as H e,R = T L H e T R ∈ R m 1 (N R −m 2 +1)×2m 2 (N T −m 1 +1) , and the transformation matrices T L and T R can be respectively expressed as
where Q is a particular left J-real matrix according to [15] , satisfying JQ * = Q, and it has the sparse and unitary properties, defined as
3) RANK REDUCTION
In the absence of noise, H e,R has only L min{m 1 (N R − m 2 + 1), 2m 2 (N T − m 1 + 1)} effective rank. However, in the presence of noise, such low rank property of H e,R is destroyed. To mitigate the noise, the singular value decomposition (SVD) of H e,R , i.e. H e,R = UΣV H , will be used to distinguish the signal subspace and noise subspace. In order to extract the information of AoAs and AoDs in the real matrix H e,R , we subsequently take the first L columns of the left singular matrix U, denoted as U e,R ∈ R m 1 (N R −m 2 +1)×L , to approximate the dominant L-dimensional column span of H e,R . the same eigenvectors, i.e. the column vectors of T ,θ l and ϕ l corresponding to the same eigenvector in Ψ , for l = 1, · · · , L, are associated with the same path. That is to say, the estimated AoAs/AoDs pairsθ l andφ l can be natu- 
D. ANALYSIS OF COMPUTATIONAL COMPLEXITY
From Algorithm 1, it can be observed that the main computational complexity comes from the SVD in Step 4 as well as the matrix inversion and EVD in Step 5. While the computational complexity of the rest implementations, such as the basic matrix multiplications, can be negligible. Specifically, for
Step 4, the computational complexity of partial SVD taking the first L columns of left singular matrix U is the order of O m 1 (N R − m 2 + 1) L 2 [18] . While for Step 5, the computational complexity of the matrix inversion operations of both the real and imaginary parts in (22) and the following EVD are O L 3 [18] , which can be small since the number of dominated paths L is small due to the limited number of scatterers over mmWave channels. Hence, the main computational cost of Algorithm 1 lies in Step 4, where the computational complexity is O m 1 (N R − m 2 + 1) L 2 .
In this subsection, we also consider the ACS-based channel estimation scheme [12] and OMP-based channel estimation scheme [13] for comparison. For the ACS-based channel estimation scheme, the computational complexity is O 2LN 3 BS log K (G ACS /L) [18] , where K is the number of beamforming vectors in each stage, and G ACS is the number of uniform grid points. For the OMP-based channel estimation scheme, the main computational costs lie in the correlation operation and matrix inversion operation. Hence, its computational complexity is O N Beam [13] , [18] , where N Beam T and N Beam R are the numbers of transmit and receive pilot beam patterns at the MS and BS, respectively. G OMP is the size of quantized grids of virtual AoAs/AoDs, and I t is the cardinality of index set (here |I t | is equal to the number of iterations for channel estimation). It should be pointed out that the matrix inversion operation with the computational complexity of O |I t | 4 will dominate the computational complexity of the OMP-based channel estimation scheme when the number of iterations |I t | becomes very large, hundreds for instance.
Based on the analysis above, it can be observed that the computational complexity of the proposed scheme is proportional to N R , namely the number of rows of the lowdimensional effective channel matrixH. By contrast, those of the ACS-based channel estimation scheme and the OMPbased channel estimation scheme are proportional to N 3 BS and |I t | 4 (or G 2 OMP ), respectively. Hence the computational complexity of the 2D unitary ESPRIT based channel estimation scheme is lower compared with the ACS-based channel estimation scheme and the OMP-based channel estimation scheme. In Section IV, the computational complexity among three different schemes will be further compared in the specific simulations.
IV. SIMULATION RESULTS
In this section, we will investigate the performance of the proposed 2D unitary ESPRIT based channel estimation scheme by comparing it with the ACS-based channel estimation scheme [12] and the OMP-based channel estimation scheme [13] . We consider the simulation parameters shown follow the uniform distribution − π 3 , π 3 . The metrics for performance evaluation include the normalized mean square error (NMSE), defined as
and the average spectral efficiency (ASE), defined as
where R n = σ 2 n W H opt W opt , and F opt and W opt are the optimal precoder and combiner consisting of the first N RF columns of V and U, respectively [10] , [13] , and the given V and U are the left and right singular matrices of H, i.e.
Additionally, the bit error rate (BER) performance with the optimal precoder F opt and combiner W opt is also investigated, where the number of data streams used in downlink transmission is N S = N RF and the modulation mode is 16-QAM. Note that we assume that both the BS and MS know the estimated channels.
We begin by discussing the pilot overhead required among the proposed 2D unitary ESPRIT based channel estimation scheme, the ACS-based channel estimation scheme [12] , and the OMP-based channel estimation scheme [13] . We consider the number of paths is L = = 48 and G OMP = 150 for the OMP-based scheme, respectively. Obviously, the pilot overhead required for our proposed scheme is the smallest. Furthermore, the computational complexity of three different schemes will be compared with the specific simulation parameters. According to the discussion in Section III-D and the simulation parameters used in Section IV, the computational complexity for the proposed scheme is C Proposed = O (5850). While those for the ACS-based and the OMP-based channel estimation schemes are C ACS = O 7.8 × 10 6 , and C OMP = O 5.28 × 10 7 (here we consider |I t | = 50 in simulations), respectively. Therefore, we have C Proposed /C ACS = 7.5 × 10 −4 and C Proposed /C OMP = 1.1 × 10 −4 . Clearly, the low complexity of our proposed scheme is self-evident. Fig. 2 (a) and 2(b) compare the NMSE performance of the proposed 2D unitary ESPRIT based channel estimation scheme with the ACS-based and the OMP-based channel estimation schemes against different signal-to-noise ratios (SNRs) with L = 5 and L = 10, respectively. Additionally, the pilot overhead required for different schemes is also provided as T ACS = 1500 (with L = 5) and T ACS = 3000 (with L = 10) for the ACS-based scheme, T OMP = 576 for the OMP-based scheme, and T Proposed = 300 for the proposed scheme. From Fig. 2(a) , it can be observed that the NMSE performance of our proposed scheme outperforms the other two schemes significantly with a much reduced pilot overhead. Moreover, the performance gap between the proposed scheme and its counterparts becomes larger when SNR increases. Especially, the NMSE performance of the proposed scheme are more than 10 dB and 5 dB better than the ACS-based and OMP-based schemes, respectively. This is because the proposed channel estimation scheme can acquire the super-resolution estimates of the AoAs and AoDs with high accuracy. By contrast, the ACS-based and the OMPbased channel estimation schemes suffer from the obvious performance floor when SNR becomes large. This is because for the ACS-based channel estimation scheme, the estimation resolution of the AoAs and AoDs is limited by the size of codebook and the resolution of quantized grids. It should be pointed out that the ACS-based channel estimation scheme can not effectively distinguish multiple AoAs or AoDs close to each other, and will work poorly when the number of paths becomes large. 1 From Fig. 2(b) , we can observe that when L = 10 at SNR = 20 dB, the NMSE performance of the ACS-based channel estimation scheme is just around −5 dB. While for the OMP-based channel estimation scheme quantizing the continuously distributed AoAs and AoDs as the discretized grids, the NMSE performance will have the floor effect at high SNR due to the limited estimate resolution of the AoAs and AoDs. It is also worth pointing out again that our proposed scheme requires a much reduced pilot overhead compared with two other channel estimation schemes. This means that, to achieve the better NMSE performance, the proposed scheme can reduce the required pilot overhead by 80% and 48%, respectively, compared with the ACS-based and the OMP-based channel estimation schemes. Fig. 3 . compares the NMSE performance of different channel estimation schemes versus SNRs, where T ACS = 312, T OMP = 256, T Proposed = 243, N RF = 4, N RF = 8, N RF = 16, and L = 5 are considered. From Fig. 3 , we can observe that the NMSE performance of the proposed scheme improve considerably when the number of RF chains increases from N RF = 4 to N RF = 16. This is because the larger number of RF chains N RF can enlarge the effective observation dimension and thus improve the NMSE performance. By contrast, when N RF increases, the NMSE performance of both the ACS-based and the OMP-based channel estimation schemes improves slightly due to the floor effect. Particularly, if SNR = 10 dB is considered, it can be observed that for the proposed scheme, the ACS-based scheme, and the OMP-based scheme, the performance improvements are 22 dB, 15 dB, and 5 dB, respectively, when N RF increases from 4 to 16. It is worth pointing out that the NMSE performance improvement of the OMP-based channel estimation scheme can be negligible as N RF becomes large, since the accuracy of channel estimation heavily depends on the resolution of the quantized grids G OMP rather than the number of RF chains N RF . This phenomenon further confirms the fact that quantizing the continuously distributed AoAs and AoDs for channel estimation will lead to an inevitable quantization error and thus a non-negligible performance loss. Fig. 4 . compares the NMSE performance of different schemes with the fixed pilot overhead against different numbers of paths, where T ACS = 375, T OMP = 256, T Proposed = 243. It shows that the NMSE performance of all schemes decreases when the number of paths increases. Fig. 4 further confirms the better performance of the proposed scheme than the ACS-based and OMP-based schemes for different numbers of paths with different SNRs. Fig. 5 . compares the ASE performance of different channel estimation schemes against different SNRs, where T ACS = 375, T OMP = 256, T Proposed = 243, and both L = 5 and L = 10 are considered. In Fig. 5 , the ASE with the perfect CSI known at BS and MS is considered as the performance upper bound. It can be observed from Fig. 5 (a) that our proposed scheme is superior to the ACS-based and OMP-based channel estimation schemes, and its performance approaches the optimal performance when SNR is larger than −5 dB. The ASE performance of the ACS-based channel estimation scheme is rather poor for L = 10, since it can not effectively estimate the AoAs and AoDs when the number of paths becomes large. It is worthy pointing out that although the performance gap between the proposed scheme and the OMP-based scheme becomes smaller as SNR increases, the computational complexity of the proposed scheme is much smaller than that of the OMP-based scheme. Fig. 6 . compares the BER performance of three different schemes versus SNRs. In Fig. 6 , we consider T ACS = 375, T OMP = 256, T Proposed = 243, the number of data streams used in downlink transmission is N S = N RF , the modulation type is 16-QAM, and the optimal precoder and combiner are adopted by the BS and MS. Obviously, the BER performance of our proposed scheme is better than the ACS-based and OMP-based scheme. The OMP-based scheme suffers from an obvious BER performance floor when SNR is larger than 10 dB for both L = 5 and L = 10, while the ACS-based scheme cannot work when L = 10. Additionally, it is worthy pointing out that although the larger number of paths will lead to the worse NMSE performance for both the proposed scheme and the OMP-based scheme, their BER performance improves when L increases from 5 to 10. This is because the larger number of paths can provide the higher spatial diversity gains, and thus can improve the BER performance.
V. CONCLUSIONS
In this paper, we have proposed a 2D unitary ESPRIT based super-resolution channel estimation scheme for the mmWave massive MIMO systems with hybrid precoding. The proposed scheme can jointly obtain the super-resolution estimates of AoAs and AoDs with high accuracy. Specifically, by designing an efficient uplink training signals at both BS and MS, we can use a much reduced pilot overhead to acquire the low-dimensional effective channel, which has the same shift-invariance of array response as the high-dimensional mmWave MIMO channel to be estimated. Then, by exploiting the 2D unitary ESPRIT based channel estimation algorithm, the super-resolution estimates of AoAs and AoDs can be jointly acquired from the low-dimensional effective channel. Moreover, the associated path gains can be acquired by using the LS estimator. Finally, the high-dimensional mmWave MIMO channel can be reconstructed according to the obtained AoDs, AoDs, and path gains. Simulation results have verified that the proposed channel estimation scheme can achieve the better channel estimation performance with lower pilot overhead and computational complexity than the conventional schemes. 
